Remote sensing is a widely-used utility in supporting multilateral environmental treaties such as the Water Framework Directive (WFD). Regarding the WFD most remote sensing applications aim on the assessment of the biochemical status of surface water, while the general detection of water networks is disregarded. Therefore, a methodology for the automatic extraction of river networks from multispectral satellite data is presented.
INTRODUCTION
The European Commission adopted in the year 2000 a directive to ensure, that all water bodies meet good status until 2015 [1], [2] . The individual EU member states have comprehensive reporting obligations and have to monitor their water bodies periodically. Earth observation (EO) can play a major role to support these surveys [2], [3] as they do for other multilateral treaties, e.g., the Kyoto Protocol [4] , and the European initiative Global Monitoring for Environmental Security (GMES) [5] .
However, in the context of the WFD most remote sensing applications aim on the assessment of the biological and chemical status of surface water [6] [7] [8] , but structural characteristics of the river affect the quantification of the naturalness of the water body as well. EO satellites can be utilized for the delineation of rivers and partially substitute the in situ mapping of river attributes (e.g., width, sinuosity, floodplain characteristics).
Several techniques for the extraction of linear features from remotely sensed data have been introduced [9] . Most of these methods aim on the detection of roads [10] [11] [12] , while only a few have been developed for the detection of other features (e.g., linear woody vegetation [13] , bridges [14] , rivers [15] ). Although most of these methods can be usually adapted to the delineation of rivers, they are mostly not fully automatic. Therefore, in [16] a method for a fully automatic delineation of rivers in multitemporal SAR data was proposed, which is mainly based on the method introduced in [11] and the additional utilization of Support Vector Machines (SVM). In this process morphological profiles [17] are generated and trainings data are automatically extracted by histogram analysis.
The main objective of this work is the adaption of this approach to multitemporal high-resolution multispectral RapidEye images. The results were compared to a classical SVM-classification. This paper is organized as follows: In section 2 the methodology is described followed by the description of the data in section 3. Results are shown in section 4 and conclusions drawn in section 5.
METHODOLOGY
While the method introduced in [16] is based on multitemporal SAR data, this study aims on the analysis of multitemporal high-resolution multispectral images. In order to enable an accurate derivation of water bodies, a wavelength or input feature must be defined. Using only one single band from the RapidEye data (i.e., a specific wavelength) seems insufficient and ratios such as the Normalized Difference Water Index (NDWI) [18] In comparison to [16] , path opening was used instead of path closing [19] , because rivers have low values in SAR data, but high values in the RE-NDWI.
The detection methodology presented here consists of the following working steps: 1. RE-NDWI images were generated for each input image and all pixels with a negative value were masked out. 2. Non-linear water structures were eliminated by application of a morphological top-hat-like operator, using a disc as a structuring element. 3. For each RE-NDWI image morphological profiles [17] were created by path opening with increasing path length. The path lengths ranged from 5 to 100 in steps of 5. 4. For each RE-NDWI image training pixels for the categories "potential water-pixels" and "potential nonwater-pixels" were generated, using the layers of the morphological profiles with the maximum path length (step 3). The training pixels were separated by (a) the maximum of the histogram, (b) the Rosin threshold [20] applied on the histogram and (c) the end of the histogram (Fig. 1 ). 5. Pixels, which were assigned to the same class for all input images, are selected as training samples for the supervised classification. According to the good compromise in terms of accuracy and computation time shown in [16] , a subset of 200 randomly taken training samples for each class is used here. 6. The morphological profiles generated in step 2 were classified with a SVM, using the training samples from step 5. Concerning the SVM, the imageSVM [21] is used. The Gaussian MBF kernel was chosen and the parameters γ and C were selected by grid search, using the Kappa coefficient as performance measure and cross validation as performance estimator. As the result a binary image with the classes "water" and "non-water" is obtained.
STUDY SITES AND DATA
The first study area (I) lies in the West of Germany next to Wesel. In the northern part of the area the river Lippe takes a meandering course, while the Wesel-Datteln Canal in the South of it takes a mainly linear course (Fig. 2) . Two RapidEye scenes were acquired on May and September 2009.
The second study site (II) is situated in the West of Germany in the South of Cologne. The river Sieg flows from North-East to South-West and has to be separated from several other linear structures, e.g. highways and secondary roads (Fig. 2) . The dataset contains two RapidEye images from April and May 2010.
The third study area (III) is located in the South-West of Germany nearby Freiburg, where the river Dreisam flows into the river Elz. Both rivers are man-made straightened. The widths of the rivers are smaller than in study site I and II and the road system has to be discriminated from the river network (Fig. 2) . The RapidEye scenes were provided in May and September 2009. Histogram of a RE-NDWI-image after path opening with path length 100; "potential water-pixels" in black, "potential non-water-pixels" in gray.
All data were ordered in processing level 1B and preprocessed, following common procedures. The images were resampled to 5 m u 5 m ground resolution.
The accuracy assessment is based on area-wide ground truth data for each dataset, which was digitized manually from RapidEye data and orthophotos (Fig. 3) .
EXPERIMENTAL RESULTS
The results of the proposed method were compared to a SVM-classification of the same morphological profiles with 200 randomly taken samples for each class (extracted from the ground truth data). The experiments were performed ten times each to consider the influence of the random selection of the training data. As shown by Fig. 3 and Table I , the proposed method achieved accurate results on datasets I and II, independently from the selected training samples (i.e., low standard deviation). On these datasets the method strongly outperform the regular SVM-classification in terms of overall accuracy and Kappa. Moreover, the regular classification is characterized by high standard deviations of the Kappa value and the overall accuracy (Table I) . Despite of the good results for datasets I and II, the proposed method as well as the classical SVM did not provide accurate results for dataset III (Table I) . Specifically, the proposed method strongly underestimated the river network, while the classical SVM considerably overestimated the water surface (not shown in detail). A reason for this could be the widths of the rivers in study area III (in each case below 20 m) and the mixed pixels between water and riparian vegetation. Since the rivers in study sites I and II have widths larger than 35 m, consequently the lower bound for feasible findings, using the RE-NDWI, seems to be between 4 and 7 pixels.
CONCLUSIONS
A method for the automatic detection of rivers from multitemporal RapidEye data has been presented. The approach is based on a SVM-classification, using automatically selected training pixels and morphological profiles as input data. The morphological profiles consist of a new index called Red Edge Normalized Difference Water Index, which improves the delineation of water in optical classical SVM proposed method dataset data comprising a red edge wavelength.
Overall, the proposed method can handle different types of input images (e.g., radar images [16] , water indices) as well as can aim on the detection of other linear features (e.g., road detection).
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